Introduction
Although many classes of non-coding RNAs have been implicated in cancer, long non-coding RNAs (lncRNAs) are an understudied class of genes with emerging roles in tumor biology. Recent evidence suggests that they are frequently cell-type specific, contribute important functions to numerous systems, [1] [2] [3] [4] [5] [6] [7] and may interact with known cancer genes such as EZH2. 8 Indeed, several well-described examples, such as HOTAIR 9 and ANRIL, 10 indicate that lncRNAs may be essential players in cancer biology, typically facilitating epigenetic gene repression through chromatin-modifying complexes. 11 Moreover, lncRNA expression may confer clinical information about disease outcomes and have utility as diagnostic tests. 9, 12 Just as other noncoding RNA classes, such as oncomiRs, 13 have changed the landscape of cancer research, lncRNAs may similarly play an important role in tumorigenesis. Therefore, comprehensively identifying lncRNAs that are altered in tumors and elucidating their function is a major area of biological and clinical importance.
While lncRNAs have been reported to have tissue-specific expression, 5, 6 a subset of the more well-characterized lncRNAs appear to be altered across multiple cancer types and display conserved oncogenic roles, such as PVT1 14 and MEG3. 15 However, the majority of cancer lncRNA studies often take a gene-centric approach to explore the clinical and biological significance by investigating a single lncRNA within a specific cancer type. Thus, many oncogenic lncRNAs that are altered across many tumor types have been potentially overlooked. Therefore, we hypothesize that a pan-cancer analysis will reveal (i) lncRNAs previously studied in a single cancer that are actually altered in multiple cancers, (ii) previously unstudied lncRNAs altered in multiple cancers, and (iii) lncRNAs that are altered in only a single cancer type. Once an altered lncRNA has been identified, the next challenge is to elucidate its biological role, as exemplified by the relatively small number of lncRNAs with well-characterized function. 16 As in vitro experiments that screen for oncogenic function are labor intensive and time consuming to conduct for numerous lncRNAs, previous studies have used guilt-by-association methods to associate a lncRNA in a pathway or biological process based on the known function of highly co-expressed protein coding genes. 1, [16] [17] [18] When applied across large patient cohorts, this represents an effective option for systematically predicting lncRNA function to guide subsequent functional experiments. Additionally, we identified altered lncRNAs that may be up-or down-regulated due to an amplification or deletion, respectively, and associated lncRNA expression with the mutational status of commonly mutated genes in cancer which could suggest an acquired functional role in tumors. Overall, implicating lncRNAs with previously characterized proteincoding oncogenes and tumor suppressors can place lncRNAs in the context of key biological processes and pathways that will serve as a resource for future studies of lncRNA tumor biology.
Here, we present a systematic pan-cancer analysis of lncRNAs utilizing publicly available tumor and matched normal transcriptome sequencing data across 8 cancer types from The Cancer Genome Atlas (TCGA). Our analysis revealed altered lncRNAs that are specific to a single cancer type, which could serve as putative biomarkers, as well as broadly altered lncRNAs that could serve as key oncogenes and tumor suppressors across multiple cancers. Additionally, to address the challenge of elucidating lncRNA function, we have leveraged the large cohort size to power a guilt-by-association strategy to predict lncRNA functions that are conserved across cancer types. As proof of concept of our functional predictions, we validated the role of 2 uncharacterized lncRNAs, onco-lncRNA-3 and onco-lncRNA-12, and a previously reported lncRNA, CCAT1, in S-phase cell cycle across cancer types. We envision that this work will serve as a roadmap for guiding subsequent studies exploring the oncogenic and tumor suppressive roles of broadly altered lncRNAs.
Results

LncRNA expression across cancers
To assess whether lncRNAs are recurrently altered across multiple cancer types, we conducted a pan-cancer analysis of publicly available RNA-Seq data from 2,878 tumors and 349 matched adjacent normal samples across 8 different cancers that were sequenced as part of TCGA (Table S1) We composed a comprehensive transcriptome by merging annotated protein coding genes and lncRNAs from Ensembl, 28 UCSC, 29 RefSeq, 30 and the Human Body Map study. 6 To ensure that our analysis focused on transcripts that are reliably expressed, we applied a series of filters (see Methods) that revealed 14,128 coding genes and 1,053 lncRNAs with enriched expression in at least one cancer type (Fig. 1A) . Unlike protein coding genes, which often have enriched expression in all 8 cancer types, lncRNAs are not as broadly expressed across multiple cancers, with almost 40% of lncRNAs exhibiting enriched expression in a single cancer type (Fig. 1B) . These results are consistent with previous studies that have shown lncRNAs to have more tissue-specific expression patterns than protein coding genes in normal tissues. 5, 6 The largest proportion of lncRNAs enriched in a single cancer type belonged to KIRC, the fewest to LUAD, and the remaining cancers had a roughly equivalent number of altered lncRNAs (Fig. 1B, inset) .
Differentially expressed LncRNAs
We next investigated which of the lncRNAs and protein coding genes with enriched expression levels were differentially expressed between the paired tumor and adjacent normal tissue samples in each cancer type. On average, we discovered 102 differentially expressed lncRNAs in each cancer type ( Fig. 2A, Fig. S1 , and Table S2 ). In contrast, we discovered approximately 1,000 differentially expressed protein coding genes in each cancer type ( Fig. S2A and Table S3 ). Additionally, there is a larger amount of variability in the number of differentially expressed lncRNAs across the 8 cancers compared to coding genes (coefficient of variability: 1.01 vs. 0.38). This increased variability, in addition to the larger number of lncRNAs expressed in a single cancer type, suggests that lncRNAs may be playing a more active role in certain cancers compared to others.
When looking across all cancers, a majority of the differentially expressed lncRNAs (76%) and protein coding genes (58%) were unique to a single cancer type ( Fig. 2B and Fig. S2B ). Given the potential utility of lncRNAs that are highly expressed to act as biomarkers, we further evaluated lncRNAs that were differentially expressed in a single cancer type. Interestingly, a subset of the cancer-specific lncRNAs are highly expressed (Fig. 2C,  Fig. S3 ) but have not been previously studied (Table S4 and Fig. S4 ). For example, TCONS_00011854 is over-expressed in CRC only (Fig. S5) and has higher tumor expression in this cohort than known colorectal cancer biomarkers CCAT1 31 and CRNDE.
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In addition to discovering cancer-specific lncRNAs, our analysis also revealed a subset of lncRNAs that were differentially expressed across multiple cancer types. Although several protein coding genes were differentially expressed in all 8 cancers, no lncRNAs were differentially expressed in more than 5 cancer types. Often times only a subset of patients show a marked change in gene expression due to a commonality within this subpopulation, which we refer to as 'outliers'. Therefore, to comprehensively discover all lncRNAs altered in multiple cancer types, we also identified lncRNAs with outlier expression profiles ( Table S2) . After combining the differential expression and outlier results, we identified 229 lncRNAs that were altered in at least 2 cancer types (Table S5 ). Figure 3A highlights that the altered expression of these lncRNAs are even more widespread than some well-characterized lncRNAs in cancer. We hypothesize that lncRNAs with altered expression in multiple cancer types are likely to have conserved oncogenic or tumor suppressor roles.
Therefore, we will refer to these lncRNAs as 'onco-lncRNAs'. Several well-studied lncRNAs are included in our list of oncolncRNAs, including: CCAT1, 31 (Table S6) . Additionally, many well-characterized lncRNAs, such as ANRIL and MALAT1, are altered in only a single cancer within our cohort and thus are not considered to be onco-lncRNAs. Figure 3B shows the expression levels of onco-lncRNA-1, which is up-regulated in 5 of the 8 cancers (BLCA, BRCA, LUAD, LUSC, and UCEC) but has only previously been implicated in lung cancer. 34 Despite not being significant in the remaining 3 cohorts, it appears that the tumor samples in these cancer types also show a trend of higher tumor expression relative to the normal samples. Additionally, even though our differential expression analysis only included tumors with matched normal tissue, the unpaired tumor samples appear to have expression levels similar to the paired tumor samples. Onco-lncRNA-21, also known as FENDRR, has been implicated in a lethal lung development disorder 35 and lung cancer. 34 As shown in Figure 3C , in addition to LUAD and LUSC, oncolncRNA-21 expression levels are also significantly downregulated in BLCA and CRC. Taken together, we have reconfirmed altered expression of lncRNAs previously implicated in cancer interspersed among many uncharacterized lncRNAs that are recurrently altered across multiple cancer types. Next, to determine if there are any unique characteristics among the 229 onco-lncRNAs, we compared them with 424 lncRNAs that are differentially expressed in a single cancer and 400 lncRNAs that are not differentially expressed in any cancer type. Onco-lncRNAs have similar numbers of exons (Fig. S6A ) and sequence conservation scores (Fig. S6B ) compared to both lncRNAs that are altered in a single cancer and lncRNAs that are not altered in cancer. In general, onco-lncRNAs have similar expression levels to lncRNAs altered in a single cancer type, both of which have higher tumor expression levels in upregulated lncRNAs and lower tumor expression levels in down-regulated lncRNAs than unaltered lncRNAs ( Fig. S6C and D) .
To demonstrate evidence of active promoter regions, we utilized H3K4me3 Chip-seq data from multiple cancer cell lines generated by the University of Washington as part of the ENCODE project. 36 Chip-seq coverage within 20kb of the transcript start sites was normalized and averaged across oncolncRNAs, lncRNAs altered in a single cancer type, and unaltered lncRNAs. All of these groups displayed an enriched histone modification signal near transcriptional start sites (Fig. S7) , across the cell line panel, compared with 500 randomly selected sites across the genome. The enrichment signal was stronger in lncRNAs that are not altered in the cancer types studied, which may be due to their consistent, but not differential, expression. The cell lines used for Chip-seq do not encompass all 8 cancer types used for characterizing onco-lncRNAs and therefore may under represent the activity of some onco-lncRNA promoters. However, some of the cancer cell lines were derived from tissues that were not one of the 8 cancer types included as part of our RNA-Seq analysis thereby revealing onco-lncRNA promoter activity, and potential expression, in additional cancer types.
Association with copy number alterations and mutational status As copy number variation plays an important role in cancer, we next investigated how amplifications and deletions might affect the expression level of lncRNAs. Among the 1,053 expressed lncRNAs, 122 (11.6%) were located within an amplified genomic region of at least one of the cancer types in which it is expressed. Interestingly, the majority of these lncRNAs were not overexpressed in tumor samples; only 13 were up-regulated or outlier lncRNAs. However, of the 13 lncRNAs with altered expression that resided within a copy number amplification, 10 showed significant correlation between copy number and expression levels (Table S7) . Among these significant correlations we observed a positive correlation of PVT1 expression with higher copy number in renal cancer (r D 0.183, P < 0.001) which was recently reported as being required for elevated MYC protein levels suggestive of its cancer relevance. 37 Additionally, 70 of the downregulated or outlier lncRNAs resided within a copy number deletion, 7 of which showed significant correlation between copy number and expression levels ( Table S8) . Taken together, this suggests that copy number variation may be causing aberrant expression of a subset of onco-lncRNAs.
Motivated by a recent study that demonstrated the impact of oncogene-activating mutations on lncRNA expression levels, 38 we also assessed whether expression levels of lncRNAs altered in at least one cancer are associated with mutational status. To accomplish this, we first identified recurrently mutated coding genes (mutated in at least 5% of tumors, as reported by a TCGA Pan-Cancer analysis 27 ) and lncRNAs that were differentially expressed or an outlier in at least one cancer. Because some genes are highly mutated in certain cancers but not in others, each cancer type was processed separately. For each altered lncRNA and mutated gene pair we tested for a significant difference in expression levels of the lncRNA between samples that are mutated and samples with the wild type allele. We identified 231 (0.9%) significant associations between lncRNA expression levels and mutational status (Table S9) . Many lncRNAs showed significant associations with multiple mutations or across multiple cancer types; therefore, this corresponds to 131 unique lncRNAs with a significant association, including 89 onco-lncRNAs (Fig. S8 ).
For example, onco-lncRNA-1, which is upregulated in 5 cancer types, has a significant association with TP53 mutation status in BRCA, LUAD, and UCEC (Fig. 4) . A recent study revealed TP53 induced expression of lincRNA-p21, which in turn mediates global repression in the TP53 response. 39 Similarly, MEG3 (onco-lncRNA-83) expression was associated with TP53 mutational status and may be regulated via a TP53 binding site within the MEG3 promoter (Table S10) . Interestingly, MEG3 has already been found to promote cellular proliferation and induce apoptosis in non-small cell lung carcinoma (NSCLC) by affecting TP53 target gene expression. 40 This suggests that the oncogene regulates a lncRNA, MEG3, and that the lncRNA can regulate many downstream targets. Taken together, the association of lncRNA expression with mutational status potentially implicates some of the onco-lncRNAs in specific well-known cancer pathways.
Prediction of onco-lncRNA function
We hypothesized that lncRNAs altered across multiple human cancers are likely to be involved in critical oncogenic functions. Therefore, we used a 'guilt-by-association' strategy to predict onco-lncRNA function based on the function of the most highly co-expressed protein coding genes. For each of the 141 oncolncRNAs that were differentially expressed in the same direction in at least 2 cancer types, the correlation with each protein coding gene was calculated, correlations were combined across all differentially expressed cancer types, and then Gene Set Enrichment Analysis 41 (GSEA) was used to identify functional gene sets enriched with the top co-expressed genes ( Table S11) .
As validation of our co-expression analysis, we explored the correlations between previously characterized lncRNAs and protein-coding genes. As expected, we found that the highest positive correlation (0.724) for the lncRNA CRNDE was with the protein coding gene IRX5. As the CRNDE promoter resides in the same CpG island as that of the adjacent IRX5 gene, methylation of the promoter region results in coordinated expression. 32 Similarly, we found that the highest positive correlation (0.77) for the lncRNA FENDRR was with a protein coding gene, FOXF1, transcribed bidirectionally on the opposite strand. 35 Additionally, the lncRNA HOTAIR, which resides in a HOXC gene cluster, is known to be co-expressed with HOXC genes, and overlaps HOXC11, displayed its highest positive correlation with multiple HOXC genes including HOXC11 (0.86), HOXC10 (0.72), HOXC13 (0.66), HOXC8 (0.44), and HOXC9 (0.38). 42 Next, we clustered the functional gene sets nominated by GSEA, which led to the identification of 3 main clusters (Fig. 5) . The top concepts in Cluster 1 involve transcription, cell cycle, DNA replication, and DNA repair. Cluster 2 is driven by concepts related to G protein-coupled receptors (GPCRs), which have been implicated in cancer initiation and progression, largely through activation of AKT/mTOR, MAPK, and Hippo signaling pathways. 43 Cluster 3 is largely driven by cell cycle concepts. Just as many of the protein coding genes that are differentially expressed in multiple cancer types are known to play a central role in cell cycle regulation, such as MYBL2, 44 HJURP,
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UBE2C, 46 and CDC6 47 (Table S12) , we commonly observed that onco-lncRNAs were enriched with cell cycle gene sets. Furthermore, careful curation of the literature revealed 11 oncolncRNAs that have been experimentally validated to show a phenotype suggestive of cell cycle upon altering lncRNA expression ( Table S13) .
As further validation of our functional predictions, we chose to explore the role of Colon Cancer Associated Transcript-1 (CCAT1; onco-lncRNA-40) in cell cycle regulation. Our computational analysis confirmed previous reports that CCAT1 is altered in CRC, 31 LUAD, 34 and LUSC 34 ( Fig. 6A) . Analysis of CCAT1 co-expressed genes revealed many cell cycle-related gene sets that have high normalized enrichment scores (Fig. 6B) . Furthermore, CCAT1 was recently shown to induce cellular proliferation in colorectal cancer by inhibiting G1 arrest. 48 Therefore, as a first determination of the potential for CCAT1 to alter cell cycle in lung cancer, and thus demonstrating that the function of CCAT1 is conserved across multiple cancer types, we performed cell growth experiments in 2 lung cancer cell lines previously shown to have high expression of CCAT1. 34 Greater than 50% knockdown of CCAT1 in NCI-H322M and NCI-H522 cells using 2 different small interfering RNAs (siRNAs) resulted in decreased cell growth of »20% and »40%, respectively, as measured by cell counting for 6 d (Fig. 6C-D) .
In addition to expanding the functional role of a previously characterized lncRNA in additional cancer types, we also sought to explore the role of 2 uncharacterized onco-lncRNAs, oncolncRNA-3 and onco-lncRNA-12. We found onco-lncRNA-12 to be up-regulated in BRCA, LUAD, and LUSC and have outlier expression in CRC (Fig. 7A) . Like many of the onco-lncRNAs, we found that onco-lncRNA-12 also co-expressed with protein coding genes that were enriched for cell cycle-related gene sets (Fig. 7B) . As an initial confirmation of the guilt-by-association analysis, we investigated cellular growth as an indication of alteration in cell cycle. Previously, we validated the expression of onco-lcnRNA-12 in a panel of lung cancer cell lines and found it to be upregulated relative to the control cell line BEAS-2B by quantitative PCR. 34 Next, we designed 2 siRNAs that achieved greater than 60% knockdown of onco-lncRNA-12 in A549 lung cancer cells and observed a substantial decrease (>25%) in cell growth compared to scrambled control starting at Day 2 and continuing through Day 6 (Fig. 7C) . To further support these findings we investigated S-phase of cell cycle by measuring EdU incorporation by flow cytometry analysis. This data confirmed earlier findings showing a 36% and 17% decrease in EdU incorporation in siRNA1 and siRNA2 (P < 0.0002), respectively, compared to the scrambled control knockdown in the A549 lung cell line (Fig. S9) . Moreover, onco-lncRNA-12 was also found to be differentially expressed in colon cancer in silico and confirmed by relative quantitative-PCR (qPCR) to be up-regulated in a panel of colon cell lines relative to the control cell line CCD18Co (Fig. S10A) . Measuring EdU incorporation in the colon cell line SW620 recapitulated the findings in the lung cancer cell line. There was also a significant decrease of 24% (p D 0.009) in siRNA1 and 28.9% (p D 0.03) in siRNA2 EdU incorporation compared to 34% EdU incorporation in the scrambled control samples (Fig. S10B ). These findings demonstrate lung and colon cancer cell growth dependence and specifically changes in Sphase cell cycle of onco-lncRNA-12.
Lastly, we validated an additional novel onco-lncRNA, oncolcnRNA-3, as further proof of concept supporting our guilt-byassociation analysis. Onco-lcnRNA-3 was previously found to be differentially regulated in LUAD and LUSC as well as differentially expressed in a panel of lung cell lines relative to a control lung cell line by quantitative PCR. 34 Moreover, here we found it to be altered across multiple cancer types including BRCA, CRC, HNSC, LUAD, and LUSC. Onco-lncRNA-3 co-expressed with protein coding genes that were enriched for cell cycle-related gene sets. Greater than 50% knockdown of onco-lncRNA-3 in NCI-H322M lung cells with 2 different siRNAs resulted in approximately 15% (p D 0.04) or 12% (p D 0.02), respectively, of EdU incorporation compared to 18% incorporation in scrambled control (Fig. S11) . Further investigation of onco-lncRNA-3 in a panel of colon cell lines showed differential expression as measured by quantitative PCR (Fig. S12A) . Measuring EdU incorporation in the colon cell line HT-29 highlighted an alteration in S-phase cell cycle with decreased expression of onco-lncRNA-3. Flow cytometry analysis revealed a 7.3% and 5.5% decrease of EdU incorporation for both siRNAs (p D 0.02) compared to 12.3% EdU incorporation for the scrambled control (Fig. 12B) .
Taken together, CCAT1, onco-lncRNA-12, and onco-lncRNA-3, highlight the effectiveness of our co-expression analysis to implicate onco-lncRNAs in biological processes such as cell cycle. The data presented here and previous evidence in published literature serve as a proof-of-concept of onco-lncRNAs having conserved phenotypes across cancer types.
Discussion
In this study, we present a pan-cancer lncRNA analysis of »3,000 RNA-Seq samples comparing tumor and adjacent normal tissue expression levels. This analysis enabled us to identify "onco-lncRNAs" that are altered across multiple cancer types suggesting a common oncogenic or tumor suppressive function; moreover, this analysis identified lncRNAs that are altered in a single cancer type which may be useful as tissue-specific biomarkers. The potential significance of the onco-lncRNAs is supported by their reliable expression levels, as determined by stringent filters, across hundreds of patients spanning several cancer types, thereby mitigating their likelihood of being transcriptional noise. 49 Additionally, given that lncRNAs typically exhibit tissue-specific expression it is even more unexpected to observe lncRNAs that are consistently altered across tumor types.
By conducting a pan-cancer analysis of publicly available data we were able to leverage the large patient cohort size to hone in on a subset of altered lncRNAs that can serve as a valuable resource for the community. However, the advances in transcriptome sequencing over the last few years, during which the data for each cohort was generated, has resulted in some heterogeneity between cancer types such as patient cohort size, number of reads generated, and depth of coverage (Fig. S13-S15 ). Due to the small variability within a cancer type, compared to across cancer types, we are able to accurately identify altered lncRNAs within each cancer as exemplified by our confirmation of several wellcharacterized lncRNAs known to play a role in cancer. However, for the cohorts that have fewer reads generated, such as UCEC, we are likely under-representing the quantity of altered lncRNAs due to lower coverage. This in turn may also under-represent the number of onco-lncRNAs or the number of cancer types for which they are actually altered. Despite the lower sequence read coverage in a few of the cancer types, we are still able to detect a subset of altered lncRNAs, suggesting they are more highly expressed and markedly altered. For these reasons, the oncolncRNAs reported in our study likely represent the most abundant and reliably expressed candidates that warrant further exploration albeit this list will likely expand as additional deeper sequencing is obtained for older, lower coverage cohorts.
To date only a small number of lncRNAs are known to play a role in multiple cancers, such as PVT1 (onco-lncRNA-100) and MEG3 (onco-lncRNA-83). Through our systematic analysis we were able to reveal lncRNAs that may have a significant role in human cancer. First, we discovered known cancer-related lncRNAs to be altered in additional, previously unknown cancers. 54 (onco-lncRNA-96). Second, we identified lncRNAs that were previously found to be altered in development with no previous role in human cancer, such as TINCR 55 (onco-lncRNA-16) which has been found to play a role in tissue differentiation. Third, we found the majority of oncolncRNAs have not yet been characterized despite being altered in multiple cancer types. Furthermore, the recent and increasing number of publications implicating a subset of these oncolncRNAs in cancer further supports their emerging importance and suggests the remaining uncharacterized onco-lncRNAs may also have clinical and biological significance that warrants further exploration.
To date, lncRNA studies often use a gene-centric approach to unveil the clinical significance of a single lncRNA within a specific cancer type. Although such studies may provide promising results by showing a positive association between a lncRNA and a clinical endpoint, there is no guarantee that the best biomarker candidate has been discovered without a comprehensive comparison to lncRNA candidates identified within larger meta-analyses. For instance, gene-centric studies focusing on both CCAT1
31 and CRNDE 32 demonstrate their potential as a putative lncRNA diagnostic biomarkers in colorectal cancer. However, it is unclear how these lncRNAs perform relative to one another as well as additional lncRNAs predicted through a systematic colon cancer transcriptome analysis. In fact, here we report additional colorectal cancer specific lncRNAs displaying higher expression levels than both CCAT1 and CRNDE that may serve as more accurate biomarkers. Taken together, our systematic analysis provides a comprehensive set of lncRNAs for subsequent biomarker evaluation in 8 cancer types.
Despite the discovery of thousands of lncRNAs over the last few years, only a small fraction of these have well defined functional roles. Therefore, in addition to identifying new candidate onco-lncRNAs, we provided an in silico analysis to implicate onco-lncRNAs in key biological processes and pathways that could guide subsequent functional studies. First, given that mutations of well-established oncogenes have been shown to correlate with lncRNA expression, we leveraged matched exome data to discover that 131 lncRNAs associated with mutational status. By focusing on key pan-cancer oncogenes, we have implicated onco-lncRNAs in the context of key oncogenic pathways. Currently, our data supports a model in which the association between lncRNA expression and oncogene mutation status may suggest that a lncRNA resides within the same pathway as the oncogene. It is possible that the lncRNA resides downstream of the oncogene as exemplified by BRAF-regulated lncRNA 1 (BANCR) being recurrently overexpressed due to activation of RAF signaling activation in BRAF V600E -mutant human melanoma. 38 Therefore, it is likely that a subset of associations between lncRNA expression and oncogene mutation status may be explained by an oncogene directly activating or repressing transcription of the lncRNA. This is exemplified by the expression of MEG3 (onco-lncRNA-83), which has a TP53 binding site within its promoter, being associated with TP53 mutational status. Our results also build upon the recent finding of signaling pathway activation by an external stimulus such as oxidative stress and cigarette smoke, thereby altering lncRNA expression. For example, smoke and cancer-associated lncRNA-1 56 was recently shown to act downstream of nuclear factor erythroid 2-related factor (NRF2) and mediate oxidative stress in lung cancer. Similarly we also observed an NRF2 motif upstream of onco-lncRNA-3, which was found to have elevated expression in KEAP1 mutant patients in LUAD. Interestingly KEAP1 is a cytosolic repressor of the NRF2 pathway, which promotes proteasomal degradation via interactions with an ubiquitin ligase. Under oxidative stress KEAP1 is altered such that it can no longer bind to NRF2 resulting in NRF2 accumulation in the nucleus. Recent work has shown that KEAP1 mutant cells protect NRF2 from ubiquitination and degradation, constitutively activating the expression of NRF2 target genes. 57 Therefore, it is plausible that there is some interplay between KEAP1 mutant patients and elevated onco-lncRNA-3 expression via NRF2. Taken together, our analysis has provided a foundation for exploring potential mechanisms by which a mutation in an oncogene can potentially lead to altered onco-lncRNA expression. However, further experiments are needed to fully elucidate the relationship between mutational status and lncRNA expression.
We also chose to use a guilt-by-association method to predict lncRNA function by associating a lncRNA with the function of its most highly co-expressed protein coding genes. Guilt-by-association approaches have been successfully used in earlier studies to provide insights into lncRNA function in stem cell pluripotency, adipogenesis, and cancer. 39, 58, 59 However, this approach has a few limitations. First, the relationship between any 2 genes is correlative and therefore does not provide direct evidence of an interaction. As such, some correlated gene pairs may be co-regulated (i.e., bi-directional promoter) but involved in independent processes. Second, the cellular composition of the tumor may vary among patients thereby diluting the correlative signal. Third, many key genes altered in cancer may show more marked changes at the protein level and therefore could be under-represented by an expression-based analysis. Last, while a co-expression analysis considers pairwise relationships, it is likely confounded by more complex interactions involving additional genes and mutations. Despite these limitations, any signal that we are able to observe can offer a starting point for subsequent experimental studies exploring their biological roles. Furthermore, unlike earlier analyses, in our study we extended the guiltby-association approach to predict lncRNA functions that are conserved across the multiple cancers in which an onco-lncRNA is altered. Just as our methods detected consistently altered protein coding genes that have critical roles in cell cycle regulation, they also revealed a novel subset of cell cycle associated oncolncRNAs including onco-lncRNA-3 and onco-lncRNA-12, for which we were able to validate their roles in regulating cell growth by altering S-phase cell cycle. Additionally, we chose to study CCAT1 because it was recently shown to regulate cellular proliferation in colorectal cancer. 31 Experimental evidence revealed that CCAT1 also regulates cell growth in lung cancer cell lines, thereby demonstrating conserved lncRNA function across multiple cancer types.
Overall, this study has provided a roadmap of critical cancer associated lncRNAs as well as computational strategies for implicating lncRNAs with key cancer genes and biological processes to guide subsequent functional characterization. However, given the broad range of lncRNA functionality there are a variety of mechanisms by which lncRNAs interact with cancer genes. We have observed mutated oncogenes that can activate a pathway to regulate onco-lncRNA expression. Conversely, lncRNAs have been shown to regulate critical cancer genes. This can be exemplified by lncRNAs that modulate chromatin remodeling thereby regulating transcriptional programs that include oncogenes and tumor suppressors. 9 Additionally, different classes of lncRNAs can regulate critical cancer genes through a variety of mechanisms. For instance, antisense lncRNAs typically regulate protein-coding genes in close proximity 60, 61 whereas cytoplasmic competing endogenous RNAs (ceRNAs) will compete with cancer genes harboring similar microRNA binding sites to modulate expression. 62 Therefore, given the broad and expanding range of lncRNA functions, our comprehensive study importantly hones in on critical onco-lncRNAs and provides an initial framework for dissecting their emerging regulatory roles with oncogenes and tumor suppressors.
In conclusion, we presented a systematic pan-cancer analysis of lncRNAs using RNA-Seq data across 8 cancer types from TCGA comparing expression levels between tumor and matched adjacent normal tissues. This analysis revealed lncRNAs that are altered in a single cancer type, which could serve as putative biomarkers, as well as 229 onco-lncRNAs that are broadly altered across multiple cancer types and could serve as key oncogenes and tumor suppressors. Our study represents an initial step toward discovering putative oncogenic and tumor suppressor lncRNAs that may play a critical role in cancer and providing potential functional roles that can serve as a resource for future studies exploring their emerging roles in tumorigenesis.
Materials and Methods
TCGA RNA-Seq datasets
The TCGA consortium aligned all RNA-Seq BAM files to hg19 with MapSplice. 63 We downloaded the aligned BAM files for the following solid tumor cancers included in the TCGA Pan-Cancer Analysis 27 : bladder urothelial carcinoma 19 Figure 1A shows the filtering steps used to create a custom annotation file comprising of lncRNAs from multiple sources. First, we downloaded the following gene annotation databases in hg19 coordinates from the UCSC Genome Browser 29 on March 24, 2014: RefSeq release 64, Ensembl v75, UCSC Genes build June 2013, and the Human Body Map (known as "lncRNA Transcripts" track in UCSC Genome Browser). The custom annotation file was generated by first removing all protein coding transcripts from Ensembl and UCSC. Next, we removed singleexon transcripts from Ensembl, UCSC, and the Human Body Map because most of these transcripts have not been experimentally validated and transcripts lacking a splice junction could be noise due to potential DNA contamination. However, as some well-characterized single-exon lncRNAs exist, we chose to keep single-exon transcripts from RefSeq. Next, we merged all annotated non-coding transcripts into a single annotation. If a transcript is reported in multiple databases with the exact same exon coordinates, the transcript was included in the merged annotation only once, using one transcript ID (from RefSeq, Ensembl, or UCSC, in that order). All transcripts <200 nt, including RefSeq protein coding transcripts, were removed. To focus on intergenic transcripts, we next removed noncoding transcripts overlapping any exon or intron of a RefSeq protein coding gene or overlapping an exon from an Ensembl transcript annotated as anything other than 'lincRNA', 'antisense', 'retained_intron', or 'processed_transcript'. Due to sequence homology, a minor subset of the reference transcript IDs are not unique to a single genomic location but instead correspond to multiple locations. We removed these transcripts that perfectly map to multiple genomic locations. Finally, due to gender biases of the cohorts and cancers studied, transcripts on chromosomes X and Y were removed, only keeping transcripts mapping to chr 1-22.
LncRNA annotations
Read counts for each transcript were calculated using BEDTools version 2.17.0. 64 BedTools handles multi-mapped reads by counting each hit separately. FPKM 65 expression values were manually calculated as 10 9 (M / (T *L)) where M is the number of reads mapping to a transcript, T is the total number of mapped reads, and L is the transcript length. For each cancer, we flagged transcripts with low expression (at least 75% of matched tumor and 75% of normal samples had FPKM < 1 or read count < 200). Transcripts with low expression in all cancers were removed. The remaining transcripts were reduced to a set of non-overlapping genes by comparing all overlapping transcripts and keeping the transcript that was expressed in the largest number of cancers. If there was a tie, the transcript with the highest average read count across all expressed cancers was chosen. This filtering revealed 14,128 protein coding genes and 1,053 lncRNAs with enriched expression, which are reported in Supplementary Tables 14 and 15 , respectively.
Differential expression analysis
Differential expression analysis was performed on each cancer type separately. Only tumors with a matched adjacent normal were used to identify differentially expressed transcripts. For a given cancer, we only tested transcripts with enriched expression. The remaining transcripts were TMM normalized, 66 then edgeR version 3.0.8 67 was used to test for differential expression between the tumor and normal pairs using a matched pair design with cutoffs of FDR 10 ¡5 and absolute fold change 2.
Outlier analysis
Outlier analysis was performed on each cancer type separately. Read counts for all tumor samples were normalized using the positive quantile transformation. 68 For a given cancer, only lncRNAs with maximum FPKM across all tumors 25 were tested. P-values were calculated using MIST 68 and then corrected for multiple comparisons using the Benjamini & Hockberg FDR correction. 69 A significance threshold of FDR < 0.05 was used to determine significant outlier lncRNAs. The same procedure was used to call outliers using the adjacent normal samples and any lncRNAs that were also called outliers in the normal samples were not considered outliers in the tumors.
LncRNA conservation score phastCons conservation scores 70 based on whole genome alignment of 100 vertebrates (vertebrate 100 way) were downloaded from UCSC genome browser. 29 The conservation score of a transcript was calculated as the average of the phasCons scores of all nucleotides in the exons.
H3K4me3 histone modification analysis
H3K4me3 Chip-seq aligned BAM and bigWig coverage files were downloaded from UCSC genome browser. 29 Bwtool 71 was used to calculate the average coverage within 20kb of the transcript start sites of the lncRNAs within each group. Average coverage was then calculated as the total number of reads per million mapped reads.
Copy number analysis
For each cancer type, regions of significant copy number alterations were called using GISTIC 72 and the results file 'all_lesions. conf_95.txt' was downloaded for each cancer type from TCGA (www.synapse.org/#!Synapse:syn1713807). Because GISTIC calls were made separately on the COAD and READ cohorts, we chose to divide the CRC cohort into COAD and READ for this analysis. Only tumors with available RNA-Seq data and copy number calls were considered (see Table S1 for sample sizes). Differentially expressed and outlier lncRNAs falling within copy number alterations (CNAs) were determined by intersecting genomic coordinates of upregulated/outlier lncRNAs with amplified regions and down-regulated/outlier lncRNAs with deleted regions (using "wide peak" boundaries). For each lncRNA falling within a CNA, Spearman correlation was calculated between lncRNA FPKM expression values and CNA scores across all tumors. Significance of the correlation was calculated using a permutation test by comparing the true correlation to the distribution of correlations obtained by permuting the order of the CNA scores 1,000 times. P-values < 0.01 were considered significant.
Mutation analysis
For each cancer type, mutation calls were downloaded from TCGA (www.synapse.org/#!Synapse:syn1729383). Attention was restricted to tumor samples with both RNA-Seq and mutation data (see Table S1 for sample sizes). We only considered genes that were reported in an earlier Pan-Cancer study (see Fig. 2 ) 27 and mutated in > 5% of tumors with RNA-Seq data. A Mann-Whitney U test was used to test for significance between mutational status and FPKM expression of each differentially expressed and outlier lncRNA. A one-sided test was used for differentially expressed lncRNAs (testing that mutated samples had higher expression in up-regulated lncRNAs and lower expression in downregulated lncRNAs) and a 2-sided test was used for outlier lncRNAs. For each cancer type, p-values were corrected for multiple comparisons using the Benjamini & Hockberg FDR correction, 69 and a significance threshold of FDR < 0.05 was used. A list of transcription factor binding sites conserved in the human/mouse/rat alignment was downloaded on December 11, 2014 from the UCSC Genome Browser 29 ("TFBS Conserved" track). For each onco-lncRNA that is significantly associated with at least one mutation, we identified all transcription factor binding sites within 500 nt upstream of the transcript and on the same strand.
LncRNA functional associations
Prediction of lncRNA function was adapted from a previous study. 1 For each cancer type we calculated a co-expression matrix between differentially expressed lncRNAs and all protein coding genes by computing the Spearman correlation across all tumor samples. We restricted attention to onco-lncRNAs that were differentially expressed in at least 2 cancers in the same direction. A meta-correlation was generated by averaging the correlations across all differentially expressed cancers. Functional associations were computed for each lncRNA using Gene Set Enrichment Analysis (GSEA) 41 version 2.0.14 by inputting the list of coexpressed genes and testing for associations with the KEGG 73 and Reactome 74 gene sets. Gene sets with FDR < 0.05 were considered significant. When clustering gene sets using GSEA normalized enrichment scores (NES), negatively associated gene sets were assigned negative NES values and all concepts with FDR > 0.05 were assigned an NES of zero.
Cell culture
Lung cancer cell lines NCI-H322M and A549 were a kind gift from Dr. Brian Van Tine at Washington University.
Colon caner cell lines CCD18Co and SW480 were a kind gift from Dr. David Shalloway at Cornell University. Other colon cell lines (HT-29, HT-15, DLD1, SW620, Caco-2 Lovo, HCT-116, and RKO) were a kind gift from Dr. A. Craig Lockhart at Washington University. H322M and A549 cells were grown in RPM1-1640 (Invitrogen, Carsbad, CA) with 10% fetal bovine serum (FBS) (Invitrogen) and 1% penicillin/ streptomycin (pen/strep) (Invitrogen) complete media. SW620 cells were grown in DMEM (Invitrogen), 10% FBS, and 1% pen/strep complete media and HT-29 cells were grown in McCoys (Invitrogen), 10% FBS, and 1% pen/strep complete media.
RNA isolation and cDNA synthesis Total RNA was isolated with the RNeasy Mini Kit (Qiagen, Valencia, CA) with subsequent DNase 1 treatment according to the manufacturer's instructions. cDNA was synthesized from total RNA using High Capacity cDNA Reverse Transcription Kit with random hexamers (Invitrogen). siRNA knockdown experiments and cellular proliferation assay Stealth siRNA oligonucleotides were synthesized by Invitrogen. The following siRNA sequences were used for knockdown of CCAT1: CCAT1 siRNA 1 (5 0 -UGUGGUAGGAAAGA-GAAAUGAAUGG-3 0 ), CCAT1 siRNA 2 (5 0 -GACCACUG-CUUUAAAGCCUUUGCAU-3 0 ) or a control (a scrambledmatched %GC oligonucleotide synthesized by Invitrogen). The following siRNA sequences were used for knockdown of oncolncRNA-12: onco-lncRNA-12 siRNA 1 (5 0 -CCCAUGUCUG-CUGUGCCUUUGUACU-3 0 ) and onco-lncRNA-12 siRNA 2 (5 0 -CCAGUGUGUGCUGAUGACACAUACA-3 0 ). The following siRNA sequences were used to knockdown oncolcncRNA-3: onco-lncRNA-3 siRNA 1 (5 0 -CTCTTCAAGTT-GACTGCAGTCCAT-3 0 ) and onco-lncRNA-3 siRNA 2 (5 0 -TGGCAGCTAAGAATGTGTATCCCA-3 0 ). Cells were transfected with 50 pmol of siRNA and the scrambled control oligo with RNAimax Lipofecatmine (Invitrogen) following manufacturer's instructions. Knockdown efficiency was determined by quantitative PCR at time of plating for assay. After 72 hours, cells were then plated at 200,000 cells/well for cell growth assays. Cells were counted using the Beckman Z1 Coulter Counter at Day 2, 4, and 6. At least 3 biological replicates were performed for each siRNA construct over 2 experiments. S-phase cell cycle was monitored by EdU incorporation following the protocol for the Click-It EdU flow cytometry assay kit Alexa-488 provided by the manufacture (Invitrogen) and cells were analyzed on a BD FACSCan flow cytometer (Franklin Lakes, NJ, USA). Data was analyzed using FlowJo software verson X.07 S (TreeStar, Ashland, OR, USA).
Disclosure of Potential Conflicts of Interest
No potential conflicts of interest were disclosed.
Funding
This work was supported by a LUNGevity Foundation Career Development Award, an American Lung Association Biomedical Research Grant, and a Susan G. Komen CCR Basic/Translational and Clinical Grant, CCR14301279 (to C.A.M.).
Supplemental Material
Supplemental data for this article can be accessed on the publisher's website.
